Abstract. This paper is based on the experimental study for design and control of vibrations in automotive vehicles. The objective of this paper is to develop a model for the highly nonlinear Magneto-Rheological (MR) damper to maximize passenger comfort in an automotive vehicle. The behavior of the MR damper is studied under different loading conditions and current values in the system. The input and output parameters of the system are used as a training data to develop a suitable model using Genetic Algorithm. To generate the training data, a test rig similar to a quarter car model was fabricated to load the MR damper with a mechanical shaker to excite it externally. With the help of the test rig the input and output parameter data points are acquired by measuring the acceleration and force of the system at different points with the help of an impedance head and accelerometers. The model is validated by measuring the error for the testing and validation data points. The output of the model is the optimum current that is supplied to the MR Damper, using a controller, to increase the passenger comfort by minimizing the amplitude of vibrations transmitted to the passenger. Besides using this model for cars, bikes and other automotive vehicles it can also be modified by re-training the algorithm and used for civil structures to make them earthquake resistant.
Introduction
Isolation of the forces transmitted by external application is the most important function of a suspension system. The suspension system comprises of a spring element and a dissipative element, which when placed between the object to be protected and the excitation, reduces the vibration transmitted to the object. Suspension systems range from active to passive suspensions. MR damper lies in between this range and behaves like a semi-active suspension system. The damping of a passive suspension system is a property of the system and cannot be varied, whereas in an active suspension system the damping of the system can be altered by using an actuator to give it an external force. This external force helps in improving the ride quality. The shortcoming of this model is that it requires considerable amount of external power source, it is costly and is difficult to incorporate in the system due to the added mass. A variation of the active suspension system is the semi-active or the adaptive suspension system. In these systems, the damping of the system is varied by controlling the current thereby, changing the viscous properties of the damping elements in the suspension system. PID neural network controller, is one such controller used to develop a model to predict the displacement and velocity behavior of the MR damper [1] . In comparison to active suspension semi active suspension systems' power consumption is considerably less. The magneto-rheological (MR) dampers and electro-rheological dampers are the most common examples of semi active dampers. In the past few years, research on MR dampers has improved its capabilities and reduced the gap between adaptive suspension system and truly active suspension systems. Structurally, the MR damper is similar to a simple fluid damper, except that the viscosity of the fluid in the MR damper can be changed by altering the current in the system that induces a magnetic field. The MR fluid is a non-Newtonian fluid composed of mineral oil with suspended iron nanoparticles. When there is no magnetic flux (zero current), the MR damper behaves like a normal fluid damper in which the iron nanoparticles are randomly oriented. When a magnetic field is applied to the MR damper, the iron nanoparticles align themselves along the magnetic flux and form chains which makes the fluid partly semi-solid. These particles help in reinforcing the damping by forming chains in the oil that obstructs the movement of the oil as the magnetic field developed is in the direction perpendicular to the movement of the oil. Hence increasing the magnetic field increases damping in the system. The behavior of the MR damper can be characterized by its highly non-linear motion [2] [3] [4] [5] [6] . The force vs velocity plot forms a hysteresis loop depicting the non-linear character of the MR damper. There exist many different parametric models like Bingham model, Bingham Body Model, Lee Model, Spencer Model, Bouc-Wen Model and Gamota-Filisko Model that portray the behavior of the MR Damper. These models are difficult to implement throughout the working range of the MR damper due to the hysteresis and jump type phenomena resulting from the specific properties, like visco-plastic, visco-elasto-plastic and visco-elastic, of the MR fluid. It is also difficult to find a solution for the equations for some of the defined models due to the numerical and analytical complexity of the model equation. These drawbacks prevent the models from being implemented as governing equations in real time controllers [7] . In the low speed range the Bingham model can predict the rigid plastic behavior better than the involution model when the MR damper is loaded with a sinusoidal input. When triangular loading is used on the MR damper, the involution model predicts the model better than the Bingham model [8] . The deformation in the hysteresis loop of the force-velocity and force-displacement graphs, deviates from the Bouc-Wen model due to the force lag phenomenon in the MR damper. The modification of the Bouc-Wen model, the Bouc-Wen-Baber-Noori model, can to a certain extent describe the pinching hysteretic behavior [9] . The evolutionary variable equation for the Modified Bouc-Wen model, depends on 4 parameters , , and , where , and control the shape and size of the hysteresis and the parameter n controls the smoothness of the transition from elastic to plastic region [10] . Genetic algorithm assisted inverse method and nonlinear-least square error optimization in MATLAB can be used to identify the parameters and develop a model [11, 12] .
The literature [7] [8] [9] [10] suggests that the use of deterministic and analytical models is unable to capture the dynamics due to hysteresis and jump type phenomena resulting from the specific properties, like visco-plastic, visco-elasto-plastic and viscoelastic, of the MR fluid. This has motivated the authors to work on applying the method based on evolutionary principle such as genetic programming (GP) to formulate the explicit model. GP does not assume any assumption of the process dynamics before in hand and nor it requires any process information. GP have self-adapting ability to fit the given data and generate its explicit (functional) function. Therefore, the present work further explores the ability of the GP to formulate the models to capture the dynamics of properties of MR fluid.
Genetic programming
Genetic programming is an important tool used to build models for dynamic systems. It includes a variety of modelling tools and models. This method has considerable advantages over other modeling tools. In genetic programming the first stage involves generation of initial population models. In this stage the functional, terminal set and population size are defined. The functional set is a matrix of the functions that are used to create the final model. Terminal set is the matrix of the input and output parameters. The population size is the number of models in the first generation.
In the next stage the performance of the models generated in the previous stage are calculated. Based on the data given, the fitness, root mean square error (RMSE) and mean absolute fitness error (MAPE) are calculated using the Eqs. (1), (2) and (3). If any model has an error below a user defined limit we select that model, else we move the second generation.
In the second generation, new set of models are developed by applying operators such as crossover, as shown in Fig. 1 and mutation, as shown in Fig. 2 , to the models developed in the first stage of generation. In cross-over (Fig. 1) , the subtree (part of equation) from both the trees (equations) is selected and swapped. Fig. 1 shows that the subtree is selected from equations A and B and swapped. The swapping is shown by the dotted lines marked in bold in Fig. 1 . The cross-over results in formation of the new equations (Equation A1 and B1). In mutation (Fig. 2) , a tree (equation) is generated randomly, which replaces the subtree (part of equation) of the selected tree (equation). Fig. 2 shows the mutation mechanism, where the Eq. (3) is formed from the mutation of Eqs. (1) and (2) .
These models are then ranked. The least error model then proceeds to the next stage of generation. The error for these models are then evaluated. If it is within the user defined error the model is selected, else the iterative process continues. Once the genetic programming ends, the best model from the population is selected based on minimum error. 
Experimental setup
The experimental setup consists of three components: external actuation system, data acquisition system and the controller. The external actuation for the system was fabricated to excite the damper with the help of the electrodynamic shaker. The system was designed to closely depict a quarter car model. The shaker transmits the road disturbances to the lower plate by means of a stringer as seen in the Fig. 3 
RD-8040-1 which is a part of the suspension system. The upper plate behaves as the chassis for vehicle. The MR damper is clamped to the upper and lower plates by means of an L clamp.
Fig. 3. Experimental setup of MR damper
The electro-dynamic shaker (Modal shop Model 2110E) with a load capacity of 489 N (sine-peak) is connected to the linear power amplifier (Crystal Instruments Inc, USA, Model 2050E09) which provides the shaker with the input profile that is given to the system using the Spider 81 data acquisition system (Crystal Instruments Inc., USA) and the associated software (EDM) as shown in Fig. 4 . The vibration signals, taken as inputs for genetic programming, are measured using sensors. The signal is measured on the shaker and the lower plate using accelerometers PCB Electronics, Model No. '352C34 LW 155857' of sensitivity 101.3 mV/g and Model No. "352C68 SN 92017" of sensitivity 102.2 mV/g respectively. To measure the force transmitted and the acceleration signals at the upper plate an impedance head, PCB Electronics, Model No. "288D01 SN 3176" is used of sensitivity 98.73 mV/LBF for force and 101.3 mV/g for acceleration. The MR damper is operated using an external power source. The current in the damper is varied using a potentiometer type device called Wonder Box RD-3002-03 manufactured by Lords Corporation, UK as shown in Fig. 5 . The current is measured using a multi-meter.
The signal parameters from these sensors are used as inputs for the algorithm and the current that is varied using the potentiometer is used as the output. This current can be directly provided to the control system to create a feedback loop. 
Experimentation
The training set for the genetic programming model is obtained from experimentation using the setup described in section 3. In the experimental setup system, there are 6 factors that are monitored to develop the training set. The experimentation is carried out by varying the frequency and current parameters. The data collected is divided into three sets i.e. 70 % is training set, 15 % is testing set and remaining 15 % is validation. Using this to training set the final model is developed which best fits the data having minimum error. Table 1 provides the configuration of various experiments conducted by varying the parameters. The input parameters are recorded for 10 seconds of the response. These signatures are as shown in Fig. 6 . In the first set of tests the current is kept constant and the frequency is increased from 5 Hz to 7 Hz in steps of 0.1 Hz. The data is collected at a sampling rate of 20.48 kHz. In the similar fashion the data set is obtained for all the current values. This data is then consolidated to form the training and testing matrix. There are 4 input parameters taken into consideration in this system: 1) Frequency of excitation; 2) Acceleration of the shaker; 3) Relative acceleration of the upper level (chassis) with respect to the lower level (tire); 4) Force transmitted to chassis. The current in the damper coils is taken as the output parameter. Using these input-output parameters the genetic algorithm is trained.
Results and discussion
We have conducted sufficient preliminary research on the appropriate parameter settings for implementing GP program efficiently on this particular problem. We have performed the trial-and-error procedure to get the appropriate parameter settings. The procedure comprises of the following range of settings. For each of the above-mentioned range, the GP is performed. Based on the minimum RMSE on the training data, we have decided to choose the following settings as given in Table 2 . The best model selected from the models generated in the different stages is based on the performance of the model. The algorithm is trained using the parameters shown in the Table 2 .
The error for the models obtained in each generation stage is calculated. The model with the least error is then selected. In the results obtained from genetic programming test, three models were formed. The error for all three models are given in Table 3 . The model with the least error is chosen from these. This error for this model is shown in red color in Fig. 7 . The model equation is: ( ) = 0.016949 − 0.57979tanh(cos(tanh(plog(tan ( +tanh(plog(tan( + 2 + tan( ))))))))) − 2.9789tanh(cos(tanh(tan( )))) +0.096676tanh( tanh( + )( − 1.0 + exp( ))) − 0.056122plog(tan( )) +0.20751plog(tanh( )) − 0.25195tan(sin(exp(cos( )))tanh( )) −0.095605tanh(plog(plog(tanh(tanh( + ))))) − 0.054777tanh(tanh(tan( ))) +0.13934exp(cos(cos(plog(plog(tan( tanh(sin( )))))))) −0.20272plog( ) − 0.1345sin(plog(tan( ))) +0.90082tanh(cos(tanh(plog(exp( + tan( ) + tanh( )))))) −0.17302tanh(2.0 + tan( )) −0.1968tan(exp(plog(cos(tanh(cos(plog(plog(tan( tanh( )))) +sin(plog( )) − 0.232815212904601tan( ) − 10.8461558903999)))))) +0.089949tanh(plog(tan(exp(exp(cos(tanh(sin( )))))))) +0.36922tanh( ) + 2.4048, where, is frequency of excitation, is acceleration of the shaker, is relative acceleration of the upper level (chassis) with respect to the lower level (tire), is force transmitted to chassis.
The parameters for the best model from the population for each generation of the best fitness model is listed in Table 3 .
The convergence of the algorithm is based on the selection of the model when the RMSE is minimum. For every run, the best model is selected based on the minimum training RMSE. If there are models with same minimum value of RMSE and different size (number of nodes), the best model with smaller size is selected among them. If there are models with same minimum value of RMSE and same size, then a best model is selected randomly among them. In this way, for the specified number of runs, the best model is selected for each of the run. The final model among these best models is selected again based on the minimum value of RMSE among the runs.
In this study, a total of 5 runs are chosen. The best model has training RMSE of 0.11246 and is chosen for finding the equation of output (current). Pravin Singru has guided this work from concept of experimental setup to a real setup fabrication, testing and writing the paper. Ayush Raizada has worked on experimental setup fabrication and testing of GP code for modelling. Vishnuvardhan Krishnakumar has been instrumental in taking performing various experiment to generate huge amount of data required for the GP code. Akhil Garg has developed the GP code used in this paper. K. Tai has guided Dr. Akhil to develop the GP code used in this paper.
Conclusions
This work is the first of its kind that develops a model to predict the current value to adjust the damper force for the given input parameters, using actual experimental data, in order to maintain the driver acceleration. This model equation can be directly used to design a controller using acceleration, force and driving frequency. Vishnuvardhan Krishnakumar is a final year undergraduate student at BITS Pilani, K. K. Birla Goa Campus, India. His current research interests include the study of dampers in vehicle dynamics. He also has experience working on health monitoring and fault diagnostics methods using vibro-acoustic analysis at the Dynamics Lab of BITS Pilani.
